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Abstract 
This paper provides a first look at the acceptance of Accountable-eHealth (AeH) systems–a new genre of 
eHealth systems designed to manage information privacy concerns that hinder the proliferation of eHealth. 
The underlying concept of AeH systems is appropriate use of information through after-the-fact 
accountability for intentional misuse of information by healthcare professionals. An online questionnaire 
survey was utilised for data collection from three educational institutions in Queensland, Australia. A total of 
23 hypotheses relating to 9 constructs were tested using a structural equation modelling technique. The 
moderation effects on the hypotheses were also tested based on six moderation factors to understand their role 
on the designed research model. A total of 334 valid responses were received. The cohort consisted of medical, 
nursing and other health related students studying at various levels in both undergraduate and postgraduate 
courses. Hypothesis testing provided sufficient data to accept 7 hypotheses. The empirical research model 
developed was capable of predicting 47.3% of healthcare professionals’ perceived intention to use AeH 
systems. All six moderation factors showed significant influence on the research model. A validation of this 
model with a wider survey cohort is recommended as a future study. 
Keywords. eHealth, privacy, information accountability, technology acceptance  
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1. Introduction 
Preservation of information privacy is an imperative requirement of eHealth systems [1]. In the healthcare 
setting, information privacy refers to the obligation by healthcare providers not to misuse personal information 
disclosed by the patients or resulting from examination of the patient to any other person or organisation 
without consent [2]. eHealth systems utilise electronic health records (EHR) as the main source of 
information, which may contain sensitive personal information about a patient that may cause negative 
ramifications if inappropriately used. Concerns regarding these ramifications have contributed to a heightened 
attention on information privacy management in eHealth systems. 
Whilst consumers, i.e. patients, demand better privacy preservation, healthcare professionals (HCPs) call 
for better access to information. Timely access to information in healthcare is of utmost importance as it 
enables HCPs to make fully-informed medical decisions. Access to information falls under Pfleeger’s [2] third 
pillar of security–availability–which is concerned with ensuring that information is available to authorised 
users when required. Electronic information systems are often considered a double edged sword in this regard–
whilst it is technologically capable of providing access to information in a time-efficient manner, they can 
also be the source of unnecessary delays when the underlying security policies do not accurately reflect the 
goals and requirements of the users.  
A number of privacy management methods have been proposed in medical informatics literature [3-5] that 
are predominantly preventive measures based on rigid access controls. However, systems that enforce rigid 
restrictions on information access may not be appropriate for eHealth systems that can be used at the point-
of-care. Recently however, there has been an increasing interest in information privacy management through 
information accountability (IA), and Accountable-eHealth (AeH) systems [6] have been proposed that rely on 
appropriate use of information through after-the-fact accountability. They make all uses of a consumer’s 
health information transparent and hold HCPs accountable for inappropriate uses by tracking and checking 
all transactions against context-aware privacy policies. Demarcation lines, instead of rigid restrictions, are 
used to warn HCPs when they are about to access restricted information but allow them to proceed if they 
professionally judge that their actions are justifiable.  
When potential breaches occur, notifications will be sent to consumers that direct them to the transaction 
in question and allow them to view further details and resolve the incident using a justification query/response 
mechanism. The after-the-fact approach will alleviate the concerns of both patients and HCPs, by providing 
an adequate level of information privacy without restricting HCPs in delivering high-quality, time-critical 
healthcare. Both stakeholders are likely to seek comfort from the parallels that can be drawn between AeH 
systems and law enforcement in the offline world [7].  
Although AeH systems exhibit capabilities for the appropriate management of healthcare information, it is 
important to know how this new genre of eHealth systems would be accepted by eHealth stakeholders. As a 
first step in this direction, this paper presents a conceptual research model on the acceptance of AeH systems 
by future HCPs. 
In what follows, the most significant related works will be discussed which laid the foundation for the 
design of the research model presented in this paper. Next, the method utilised in this study will be discussed. 
The results and analysis will be discussed which includes the assessment of the measurement model, 
validation of the structural research model and the investigation of the significance of moderating factors on 
the research model. Following a detailed discussion of the results, the paper will close with a conclusion 
section. 
2. Related work and research model design 
Underpinning the theoretical model developed in this study is the Unified Theory of Acceptance and Use 
of Technology (UTAUT) [8], a well-established and frequently used model of technology acceptance and is 
also motivated by the model developed by Schaper and Pervan [9]. Their research model, also based on 
UTAUT and motivated by Chau et al. [10], uses three dimensions of technology acceptance: individual 
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context, technology context and implementation context to capture the factors affecting the intention to use 
ICT.  
The UTAUT model [8] was developed based on eight prominent technology acceptance models: the 
Technology Acceptance Model (TAM) [11], the Theory of Reasoned Action (TRA) [12], the Innovation 
Diffusion theory (IDT) [13], the Theory of Planned Behaviour (TPB) [14], the Motivation Model (MM) [15], 
the Model of PC Utilisation (MPCU) [16], the combined TAM and TPB [17] and Social Congitive Theory 
[18]. UTAUT has four main constructs: performance expectancy, effort expectancy, social influence and 
facilitating conditions. The primary moderators of the model are gender, age, experience and voluntariness of 
use. 
Although the model is applicable to a wide range of industries and disciplines including healthcare [9], its 
application in this study faced several limitations. Firstly, the survey participants were university students 
studying medicine, nursing or other health related courses. Although postgraduate students were within the 
cohort, the majority was undergraduate students. Therefore, constructs such as facilitating conditions were 
not included in the research model. Secondly, the type of eHealth system in question has not been implemented 
and the participants did not have a working experience of such a system. Determinants such as social influence 
therefore could not be included in to the research model 
Technology acceptance in healthcare has been studied in the research domain for many years. Schaper et 
al. [9] proposed a research model designed towards examining the ICT acceptance and utilisation by 
Australian occupational therapists. This model was based on the UTAUT model itself and a generic 
technology acceptance framework proposed by Chau et al. [10]. They used three dimensions of technology 
acceptance: individual context, technology context and implementation context to capture the factors affecting 
the intention to use ICT. Together with the UTAUT model, we also focus on this work as a foundation for the 
designed research model presented in this paper. 
In our study, the hypotheses were formulated to capture both previously validated technology acceptance 
relationships and characteristics of AeH systems. We adopt the constructs from the individual context and the 
technology context from Schaper et al. [9] and introduce an information context, which deals with aspects 
relating to healthcare information manipulation within AeH systems. The implementation context used by 
Chau et al. [10] and Schaper et al. [9] were not utilised due to the specific focus and intention of the study 
being the perceived intention to use the proposed EHR system. The actual use of the system can only be 
measured once the proposed system can be implemented in a controlled healthcare setting, which at this stage 
of the study is not feasible given its complexity, limited resources and time constraints. The constructs used 
as measurements in each of the contexts are discussed as follows. 
The individual context deals with a person’s personal beliefs and behaviours. Personal characteristics 
influence one’s technology acceptance decisions [10]. As regards to personal characteristics, many aspects 
have been previously studied under different circumstances. But, computer self-efficacy, computer anxiety 
and computer attitude are the most common and prominent constructs used in many technology acceptance 
studies [8]. To be specific to the nature and domain of this study, we introduce “EHR” as an augmentation to 
the general meaning of “Computer” in this context, which is reflected in our hypotheses. 
Computer Self-Efficacy is defined as the judgement of one’s capability to use ICT [19]. It can be applied, 
measured and described at a general level or as pertaining to a specific application [20, 21]. Because this 
research model focuses on specific characteristics of a system, computer self-efficacy in used as a measure of 
the self-efficacy of a specific application. In contrast to other research studies [18, 19, 22, 23], the UTAUT 
model considered computer self-efficacy to not have a direct relationship to behavioural intention but to have 
an indirect effect being mediated by effort expectancy [8]. 
Computer Anxiety is defined as an affective response of apprehension, or fear, when faced with the 
possibility of using ICT [24]. Furthermore, according to Heinssen et al. [25], it involves a more effective 
response, such that resistance to and avoidance of computer technology are a function of fear and 
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apprehension, intimidation, hostility, and worries that one will be embarrassed, look stupid or even damage 
the equipment. Factors such as erroneous beliefs of one’s ability to use computers may be contributors to 
computer anxiety. Computer anxiety is said to have an effect on motivation and performance [25]. In the 
development of the UTAUT model, computer anxiety was modelled not to have a direct effect on behavioural 
intention but to have a direct effect on effort expectancy and thereby have an indirect effect on behavioural 
intention mediated by effort expectancy [8].  
Computer Attitude is an individual’s overall affective reaction to using ICT [8]. IT involves an individual’s 
interest in and feelings of the enjoyment and pleasure they feel with using ICT. Similar to computer anxiety, 
computer attitude is said to have an effect on motivation and performance of an individual when using ICT 
[25]. In their study however, Venkatesh et al. [8] found that computer attitude did not have a direct relationship 
towards behavioural intention, which was mediated by performance expectancy and effort expectancy. But in 
healthcare technology acceptance studies it was shown that computer attitude does in fact have a direct 
relationship with behavioural intention or technology acceptance [9, 10]. 
The technological context deals with the perceptions of an individual’s evaluation of technology, which 
has been found to have relevance in technology acceptance decision making in healthcare [9]. In the 
technological context of this research model the focus is given to two constructs; performance expectancy and 
effort expectancy, which are theorised to have direct relationships to behavioural intention. In the UTAUT 
model, Performance Expectancy is defined as the degree to which an individual believes that using technology 
will help him or her to attain gains in job performance [8]. Being a very relevant construct in any technology 
domain, it has been established that performance expectancy is a significant aspect in the healthcare domain 
which has a direct effect in a health professionals’ behavioural intention and an indirect effect to behavioural 
intention mediated by computer attitude [9, 10].  
Effort Expectancy is the degree of ease associated with the use of technology [8]. In most technology 
acceptance studies, effort expectancy (mostly captured through perceived ease of use by Davis et al. [11]) was 
found to have a direct relationship with behavioural intention. In contrast, in the healthcare sector, studies 
have shown that effort expectancy does not have a significant influence on behavioural intention [10, 26, 27]. 
However, the study by Schaper et al. [9] that utilised the UTAUT model, did in fact establish that there is a 
direct relationship of effort expectancy on behavioural intention [9, 28]. It is worth noting, however that the 
contrasting results may have been due to the specialised nature of the participants in their study (Australian 
Occupational Therapists). 
The information context has been introduced to the research model to capture the characteristics of AeH 
systems and to measure the influence of those characteristics on acceptance of the systems. It consists of three 
main determinants; information control, information governance and information accountability. Each of 
these characterises the nature of the eHealth system that the user would use in a healthcare setting. Since the 
influence of these aspects has not been tested in prior research, we theorise that they may have an influence 
on all aspects of the research model that are logically sound. The AeH system constructs may influence 
performance expectancy and effort expectancy. We also test their direct influence on behavioural intention. 
We assume that the new AeH capabilities will not have a negative effect on the acceptance of technology by 
healthcare professionals such that the introduction of those capabilities would not affect the overall acceptance 
of the system. 
Information Governance is defined in this context as the enforcement of usage rules on how health 
professionals use a patients’ healthcare information. The items in the information governance construct were 
designed to measure the attitudes of the participants towards the presence of information usage rules on how 
they can use patient information for healthcare purposes. The significance of this construct to the technological 
aspects is that it measures how this characteristic is perceived by the stakeholders. The influence of this aspect 
on AeH systems is important given that misuse of information is initially detected using a knowledge base 
present in the systems containing the purposes assigned for each data type in the EHR.  
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The second construct in the information context is information control. It related to the characteristic of 
AeH systems that give patients the control of their healthcare. Information Control is defined as the ability for 
the owner or subject of the information to control their healthcare information. Patient control of healthcare 
information is a measure used to increase confidence in eHealth systems [3]. Allowing patients to set their 
own privacy rules to govern how healthcare professionals use their health information, although increases 
patient confidence and trust in the system, is not always beneficial to the patients. A patient is not always 
capable of deciding what data elements are required by a healthcare professional to make an informed 
decision. Although AeH systems facilitate this capability, the process is overlooked by a healthcare authority 
to ensure that the healthcare process is unhindered by patient privacy policies. 
The final construct of the information context is Information Accountability. We measure the attitudes of 
future healthcare professionals towards holding healthcare professionals accountable and patients having the 
capability to inquire about possible misuse of information by a healthcare professional. It is related to the 
characteristic of AeH systems which states that inappropriate use of information is followed by accountability. 
Behavioural intention was first introduced in the theory of reasoned action (TRA) [12]. It is defined as the 
measure of the strength of one’s intention to perform a specific behaviour [12]. In technology acceptance 
research, behavioural intention was successfully used as a conclusive measure of the actual use of ICT by 
Davis [11] in the Technology Acceptance Model (TAM). Since then, the relationship between behavioural 
intention and the actual use of ICT has been successfully established in technology acceptance research [8, 
14, 29].  It is also the case in the healthcare context [10, 26]. Therefore, considering the acceptance of AeH 
systems as the actual use of ICT in our research model, we hypothesise that; 
Behavioural Intention will have a direct positive effect on the acceptance of the IAF 
We hypothesise 15 relationships related to these three contexts as listed in Table I. 
TABLE I.  Reserch Hypotheses 
Construct Hypothesis Path 
Computer Self Efficacy 
(CSE) 
H1: CSE will have a direct positive effect on EE CSE → EE 
H2: CSE will not have a direct effect on BI CSE  BI 
Anxiety (ANX) 
H3: ANX  will have a direct negative effect on EE ANX → EE 
H4: ANX will not have a direct effect on BI ANX  BI 
Attitude (ATT) H5: ATT will have a direct positive effect on BI ATT → BI 
Performance Expectancy 
(PE) 
H6: PE will have a direct positive effect on ATT PE → ATT 
H7: PE will have a direct positive effect on BI PE → BI 
Effort Expectancy (EE) H8: EE will have a direct positive effect on BI EE → BI 
Information Governance 
(IG) 
H9: IG will not have a direct negative effect on EE IG  EE 
H10: IG will not have a direct negative effect on PE IG  PE 
H11: IG will have a direct negative effect on ANX IG → ANX 
H12: IG will have a direct negative effect on ATT IG → ATT 
H13: IG will not have a direct negative effect on BI IG  BI 
Information Control (IC) 
H14: IC will not have a direct negative effect on EE IC  EE 
H15: IC will not have a direct negative effect on PE IC  PE 
H16: IC will have a direct negative effect on ANX IC → ANX 
H17: IC will have a direct negative effect on ATT IC → ATT 
H18: IC will not have a direct negative effect on BI IC  BI 
Information 
Accountability (IA) 
H19: IA will not have a direct negative effect on EE IA  EE 
H20: IA will not have a direct negative effect on PE IA  PE 
H21: IA will have a direct negative effect on ANX IA → ANX 
H22: IA will have a direct negative effect on ATT IA → ATT 
H23: IA will not have a direct negative effect on BI IA  BI 
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Moderating variables play a significant role in technology acceptance research [30, 31]. The main function 
of moderating variables is to explain the inconsistencies of the relationships between constructs by identifying 
the situational differences [32]. In technology acceptance models, the exploratory power is higher with the 
inclusion of moderating factors [8]. In the UTAUT model, four moderating variables have been identified; 
age, gender, experience and voluntariness. Moderators such as computer literacy has been previously used in 
technology acceptance research in the healthcare domain together with others that are relevant to the 
application domain [9]. In our study, focusing on the nature of the participants, we consider six moderating 
variables; age, gender, computer literacy, academic year, level of study and discipline. Age and gender have 
been established in technology acceptance literature as to have effective moderating effects [8, 31]. Although 
experience is a moderator of most technology acceptance studies [31], in our research model, we theorise that 
the level of study, academic year and discipline to have a similar effect to experience.  
 
 
Figure 1 goes here 
 
Figure 1. Hypothesised research model 
 
3. Method 
The study used the survey method and employed an online questionnaire for data collection. 
 Survey administration 
A detailed description was given to the participants outlining the specific characteristics of the EHR 
system, similar to the approach by Angst and Agrawal [33]. Given the participants’ education background 
related to healthcare, rather than testing the participants’ knowledge about EHRs, as done by Angst and 
Agrawal [33], we assumed they had a basic understanding of EHRs. The survey questions were designed to 
further outline the characteristics specific to AeH systems. The survey specifically noted that questions were 
related to EHRs and the newly introduced information accountability measures. The questions focused on the 
attitudes the respondents had on an EHR system designed with the AeH characteristics. Table II give the 
survey items used to measure each of the constructs in the research model. 
Three education institutions from around Queensland, Australia were involved in the study. After the 
participating institutions agreed for the survey to be launched within specific areas of the institutions, email 
invitations were sent to the expected participants. Data collection was terminated 6 weeks from the date of 
the emails. Ethical clearance was obtained from the authors’ education institution to conduct the research 
study, which did not include any health and safety issues. From the other two participating institutions, one 
institution required ethical clearance, which was obtained before the study commenced. There were no ethical 
issues or incidents arising from this study. 
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TABLE II.  Survey Items and research constructs 
Construct 
Related 
hypothesis 
Questionnaire item Origin 
Individual Context 
Computer self-efficacy 
(CSE) H1 
H2 
CSE1….I would be able to complete different tasks without anyone around to 
tell me what to do 
CSE2….I would be able to complete tasks if I could call someone for help if 
I got stuck 
Venkatesh et al., 2003 
Computer/EHR anxiety 
(ANX) 
H3 
H4 
ANX1….I feel apprehensive about using this EHR system 
ANX2….I would hesitate to use this EHR system for fear of making a mistake 
I cannot correct 
ANX3….I would be concerned about losing a lot of information by hitting the 
wrong key 
ANX4….I would find this EHR system intimidating 
Venkatesh et al., 2003 
Computer (EHR) 
attitude (ATT) 
H5 
ATT1….I believe that paper records can be better utilised to keep health 
information more secure than in EHRs 
ATT2….Using EHR systems is a good idea 
ATT3….I think EHRs are easy to work with than paper records 
ATT4….I think I would enjoy working with this EHR system 
ATT5….I think that EHR systems are expensive to implement and maintain. 
The expense could be better utilised to improve other healthcare facilities 
Developed to capture 
eHR attitude 
Venkatesh et al., 2003 
Developed to capture 
eHR attitude 
Venkatesh et al., 2003 
Developed to capture 
eHR attitude 
Technological Context 
Performance 
expectancy 
H6 
H7 
PE1….I believe that this EHR system would be useful in my professional 
activities 
PE2….I believe that this EHR would help improve my patient care delivery 
PE3….I think that this EHR system would improve my job performance 
PE4….I feel that this EHR system can make health information sharing easier 
and more effective 
Venkatesh et al., 2003 
 
Venkatesh et al., 2003 
 
Venkatesh et al., 2003 
Developed to capture 
eHR attitude 
Effort expectancy 
H8 
EE1….I think that learning to work with this EHR system would be easy  
EE2….I would find this EHR system easy to work with 
Venkatesh et al., 2003 
Venkatesh et al., 2003 
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EE3….I believe I have or will develop the skills necessary to use this EHR 
system 
Venkatesh et al., 2003 
Information Context 
Information 
Governance 
H9 To H13 
IG1….I believe that when health information is manipulated electronically 
(using computers), proper rules should be set on the use of health information 
IG2….I believe that when health information is manipulated electronically 
(using computers), a comprehensive knowledge base should govern 
information usage 
IG3….I believe that when health information is manipulated electronically 
(using computers), health professionals should be bound by predefined rules 
when using and accessing patient health information 
IG4….I believe that a health authority such as Queensland Health can 
formulate a comprehensive set of usage rules which indicate what health data 
is required for a given episode of care 
Developed to capture 
attitudes towards having 
usage rules and a 
computerised 
knowledgebase 
Information control 
H14 To 
H18 
IC1….I believe that patient participation (participatory medicine) in 
healthcare decision making is an important element in healthcare 
IC2….I believe that patients have the right to set their own privacy settings in 
an electronic health record system such as most social media websites 
IC3….I believe that patients have the right to decide which health professional 
can access his/her EHR 
Developed to capture 
attitudes towards patients 
participation and control 
of health information 
Information 
accountability 
H19 to H23 
IA1….I believe that if usage rules set by a health authority such as Queensland 
Health are broken intentionally, the offenders should be held accountable 
IA2….I think that patients have the right to inquire about possible misuse of 
their health information 
IA3….I think that health professionals should be required to justify why they 
have accessed/use information which they did not require for a given episode 
of care 
IA4….I feel that health professionals should be held accountable if found to 
have misused patient health information 
Developed to capture the 
attitudes towards 
accountability measures 
Intention to Use 
Behavioural Intention 
H24 
BI1….I would use this EHR system in my professional activities for a few 
months 
BI2….I would use this EHR system throughout my professional career 
Venkatesh et al., 2003 
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 Selection of Participants 
Participants were selected such that a wide range of potential healthcare professionals are involved in the 
study so that the results are more generalisable. The selection of the participants depended on the availability 
of the resources and the willingness of the participating institutions.  
Quantitative data as well as qualitative data in the form of comments to specific questions from university 
students of three universities were collected using an online survey tool. The selection of the universities and 
the student cohort depended on their availability and the willingness of the institutions to participate in the 
survey. The participants ranged from medical students to health sciences students. Details of the survey 
participants is listed in Table III. 
TABLE III.  Survey participants 
  Medicine (n) Nursing (n) Other (n)  
Study Level  Male Female Male Female Male Female Total 
Bachelors 
1st year 4 3 3 24 15 47 
234 
2nd year 1 4 1 13 2 28 
3nd Year 1 3 3 15 7 24 
4th year 4 7 0 4 1 19 
Graduated 0 0 0 0 0 1 
Masters 
1st year 0 1 1 4 3 6 
46 
2nd year 0 0 0 3 3 9 
3nd Year 1 1 0 1 1 1 
4th year 0 0 0 1 0 1 
Graduated 2 2 0 0 0 5 
PhD 
1st year 0 0 0 1 4 1 
17 
2nd year 0 2 0 0 0 1 
3nd Year 0 0 0 1 0 1 
4th year 0 0 0 2 0 2 
Graduated 0 1 0 0 0 1 
Other 
1st year 0 0 1 3 2 9 
37 
2nd year 0 0 1 2 0 1 
3nd Year 0 0 0 2 0 1 
4th year 0 0 0 0 2 4 
Graduated 0 0 1 3 0 5 
Notes:  
1. Study level categorised as other include diploma, certificate, graduate certificate and graduate 
diploma. 
2. Discipline categorised as “Other” include pharmacology, radiation therapy, sports health, human 
services, nutrition and dietetics, biomedical science, psychology, social work, medical science, 
paramedics, public health optometry and psychiatry 
334 
 
4. Results and Analysis 
A total of 334 valid responses were received from the three participating institutions. The age of the 
respondents ranged from 17 years to a maximum of 58 with mean 27 (SD = 10.55). The analysis of the results 
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from the survey was conducted using the partial least square (PLS) method of structural equation modelling 
(SEM). The analysis tools used were SmartPLS 2.0 [34] and IBM SPSS Version 21. 
 Assessment of the measurement model 
The assessment of the research model was conducted using the partial least square (PLS) method of 
structural equation modelling (SEM). PLS was developed to maximise prediction rather than fit; to maximise 
the proportion of the variance of the dependent construct that is explained by the predictor constructs. PLS is 
particularly suitable for data analysis during the early stages of theory development where the theoretical 
model and its measures are not well formed [35]. The PLS analysis follow a two-step method involving the 
evaluation of the results of the measurement model and the assessment of the structural model. 
The first step towards testing the hypotheses was the assessment of the measurement model, i.e. the 
questionnaire items. To that end, the construct reliability of the model was determined using individual item 
reliability, composite reliability and the average variance extracted (AVE) (see Tables IV). Discriminant and 
convergent validity, which are determinants of construct validity, were determined using the correlations of 
the constructs (see Table V) and cross loading of constructs (see Table VI).  
TABLE IV.  Item Loadings, Internal composite reliabilities and average variance extracted 
Construct Indicators Loading AVE 
Composite 
Reliability 
Computer/EHR self-
efficacy 
CSE1 0.8975 
0.6227 0.7635 
CSE2 0.6632 
Computer/EHR anxiety 
ANX1 0.8003 
0.5904 0.8516 
ANX2 0.8064 
ANX3 0.6822 
ANX4 0.778 
Computer/EHR attitude 
ATT1 0.8511 
0.5653 0.8651 
ATT2 0.6907 
ATT3 0.7032 
ATT4 0.636 
ATT5 0.8521 
Performance expectancy 
PE1 0.8445 
0.6414 0.8767 
PE2 0.848 
PE3 0.7001 
PE4 0.802 
Effort expectancy 
EE1 0.7385 
0.6610 0.8535 EE2 0.8424 
EE3 0.8532 
Information governance 
IG1 0.7643 
0.5371 0.8219 
IG2 0.7827 
IG3 0.7358 
IG4 0.6402 
Information control 
IC2 0.6025 
0.5424 0.7742 
IC3 0.6473 
Information 
accountability 
IA1 0.8244 
0.5030 0.7808 
IA2 0.6534 
IA3 0.463 
IA4 0.7773 
Behavioural intention 
BI1 0.6685 
0.6507 0.7841 
BI2 0.9244 
 
TABLE V.  Correlation of constructs and square root of AVE 
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 CSE ANX ATT PE EE IG IC IA BI 
CSE 0.789         
ANX -0.326 0.768        
ATT 0.372 -0.569 0.751       
PE 0.335 -0.480 0.792 0.801      
EE 0.410 -0.564 0.557 0.498 0.813     
IG 0.310 -0.224 0.306 0.333 0.280 0.732    
IC 0.003 0.106 -0.072 -0.04 -0.059 0.222 0.736   
IA 0.163 -0.199 0.169 0.167 0.133 0.520 0.288 0.709  
BI 0.310 -0.415 0.610 0.666 0.388 0.259 -0.092 0.126 0.806 
TABLE VI.  Cross Loading of Constructs 
Indicators CSE ANX ATT PE EE IG IC IA BI 
CSE1 0.897 -0.319 0.306 0.267 0.392 0.276 0.016 0.091 0.230 
CSE2 0.663 -0.170 0.2956 0.28 0.231 0.2087 -0.021 0.2009 0.2876 
ANX1 -0.321 0.800 -0.616 -0.594 -0.504 -0.322 -0.006 -0.273 -0.449 
ANX2 -0.260 0.806 -0.412 -0.338 -0.383 -0.122 0.0959 -0.100 -0.329 
ANX3 -0.134 0.682 -0.284 -0.165 -0.331 -0.074 0.1436 -0.071 -0.190 
ANX4 -0.240 0.778 -0.352 -0.261 -0.475 -0.099 0.1409 -0.11 -0.242 
ATT1 0.1773 -0.400 0.6360 0.3743 0.2955 0.1401 -0.095 0.0745 0.3559 
ATT2 0.2913 -0.422 0.8521 0.7816 0.4677 0.2914 -0.045 0.1677 0.5758 
ATT3 0.3095 -0.366 0.7032 0.5000 0.4558 0.1629 -0.047 0.1189 0.4119 
ATT4 0.3574 -0.494 0.8511 0.7019 0.5743 0.3068 -0.003 0.1499 0.4938 
ATT5 0.2442 -0.478 0.6907 0.5145 0.2511 0.2021 -0.114 0.1002 0.4145 
PE1 0.2702 -0.383 0.6513 0.8445 0.4078 0.2478 -0.021 0.1215 0.556 
PE2 0.2135 -0.352 0.614 0.8480 0.3825 0.2395 -0.017 0.1181 0.5347 
PE3 0.2913 -0.388 0.6763 0.8020 0.4355 0.2331 0.0002 0.0817 0.5662 
PE4 0.2966 -0.412 0.5899 0.7001 0.3634 0.3515 -0.112 0.2198 0.4695 
EE1 0.3276 -0.439 0.4340 0.3908 0.8424 0.2092 -0.041 0.0654 0.2396 
EE2 0.356 -0.418 0.4691 0.4306 0.8532 0.2165 0.006 0.0844 0.3259 
EE3 0.3121 -0.504 0.4479 0.3866 0.7385 0.2506 -0.101 0.163 0.364 
IG1 0.2516 -0.180 0.1884 0.1962 0.2069 0.7643 0.1685 0.4264 0.2122 
IG2 0.235 -0.191 0.2343 0.289 0.1935 0.7827 0.1494 0.3864 0.1912 
IG3 0.1508 -0.175 0.0987 0.1168 0.1206 0.7358 0.2486 0.5281 0.1161 
UR4 0.2335 -0.118 0.3022 0.3008 0.2533 0.6402 0.1231 0.2558 0.204 
IC2 0.0400 0.0698 0.0156 0.0223 -0.024 0.1107 0.6025 0.1973 0.0012 
IC3 0.0422 0.0451 -0.030 -0.011 0.0338 0.0905 0.6473 0.2144 -0.068 
IA1 0.164 -0.175 0.1749 0.1414 0.132 0.4985 0.1868 0.8244 0.1267 
IA2 0.0856 -0.100 0.0829 0.1264 0.0674 0.2907 0.3124 0.6534 0.0523 
IA3 -0.017 -0.011 -0.009 0.0310 -0.026 0.2861 0.3599 0.4630 -0.021 
IA4 0.1087 -0.166 0.1109 0.1156 0.0934 0.352 0.1887 0.7773 0.0948 
BI1 0.2631 -0.160 0.3014 0.3463 0.2166 0.2012 -0.075 0.1157 0.6685 
BI2 0.2581 -0.444 0.6187 0.6667 0.3809 0.2259 -0.078 0.1004 0.9244 
 
Individual item reliability is considered significant if the item loadings are greater than 0.3 [36]. The 
determinant for internal consistency of the measurement model was the composite reliability of the constructs, 
which is considered significant if it is greater than 0.707 [36]. A value greater than 0.5 for AVE meant that 
each construct was capable of capturing an acceptable level of variance from its indicators relative to 
measurement error [37]. Discriminant validity is used to measure the difference of a construct to other 
constructs used in the model. Convergent validity is used to determine the convergence of the items used to 
measure a construct. It shows how they associate with each other to reflect the construct they are designed to 
measure [38]. In PLS, correlations of the constructs and cross loading of constructs are used to determine the 
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discriminant and convergence validity. As seen in Table V, the square root of AVE of each construct is greater 
than the correlation of other constructs (with the exception of the relationship between ATT and PE), which 
gives an accurate measure of the correlation of constructs in the measurement model. The cross loadings seen 
in Table VI shows that the loadings of each of the items on the corresponding constructs are significantly 
greater than with other constructs. 
The measurement model was successfully validated following the removal of one questionnaire item which 
did not adequately reflect the measured construct. 
 Assessment of the structural model 
The assessment of the structural model reveals the significance of the hypotheses. The process involves 
testing the predictive power of the model and the significance of the relationships between the models’ 
constructs. The predictive power of the model was established by performing PLS analysis and producing the 
R2 values for each of the dependent variables (see Table VII).  
TABLE VII.  Predictive Properties of the Model 
Construct R2 Value 
Computer/EHR attitude (ATT) 0.630 
Computer/EHR anxiety (ANX) 0.069 
Effort expectancy (EE) 0.378 
Performance Expectancy (PE) 0.069 
Behavioural intention (BI) 0.473 
The results revealed that the model was able to explain 47.3% of the BI, thus quantifying the acceptance 
of AeH systems. The predictive power of our model is at a highly satisfactory level in technology acceptance 
research [9]. The model was also able to predict 63.0% of variance in ATT, 37.8% of variance in EE, and 
6.9% of that in PE and ANX.  
To establish the relationship of the model’s constructs, the path coefficients and t-values for each of the 
structural paths were calculated. Twenty three of the 24 hypotheses are tested. A bootstrapping resampling 
technique was used to calculate the t-values, which are summarised in Table VIII together with the results of 
the PLS analysis. 
TABLE VIII.  Path coefficients and t-values from PLS analysis 
Hypothesis Path t-Value 
Path 
Coefficients 
H1: CSE will have a direct positive effect on EE CSE → EE 4.9404 0.2474** 
H2: CSE will not have a direct effect on BI CSE  BI 1.4122 0.0735 
H3: ANX  will have a direct negative effect on EE ANX → EE 8.558 -0.4853*** 
H4: ANX will not have a direct effect on BI ANX  BI 1.243 -0.0681 
H5: ATT will have a direct positive effect on BI ATT → BI 2.0758 0.1624* 
H6: PE will have a direct positive effect on ATT PE → ATT 30.3758 0.7691*** 
H7: PE will have a direct positive effect on BI PE → BI 7.828 0.4739*** 
H8: EE will have a direct positive effect on BI EE → BI 0.341 -0.0203 
H9: IG will not have a direct negative effect on EE IG  EE 2.145 0.070* 
H10: IG will not have a direct negative effect on PE IG  PE 5.755 0.232** 
H11: IG will have a direct negative effect on ANX IG → ANX 2.665 -0.153** 
H12: IG will have a direct negative effect on ATT IG → ATT 0.006 -0.000 
H13: IG will not have a direct negative effect on BI IG  BI 0.6823 0.038 
H14: IC will not have a direct negative effect on EE IC  EE 0.736 0.041 
H15: IC will not have a direct negative effect on PE IC  PE 0.562 -0.035 
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H16: IC will have a direct negative effect on ANX IC → ANX 1.541 0.105 
H17: IC will have a direct negative effect on ATT IC → ATT 0.751 -0.028 
H18: IC will not have a direct negative effect on BI IC  BI 1.179 -0.049 
H19: IA will not have a direct negative effect on EE IA  EE 0.969 -0.051 
H20: IA will not have a direct negative effect on PE IA  PE 0.823 0.057 
H21: IA will have a direct negative effect on ANX IA → ANX 2.279 -0.146* 
H22: IA will have a direct negative effect on ATT IA → ATT 0.997 0.046 
H23: IA will not have a direct negative effect on BI IA  BI 0.0507 -0.041 
Note: 
1. The probability values (p-values) corresponding to the t-values were determined using an F-
distribution table. 
2. t-value > 1.96 → p<0.05; t-value > 2.57 → p<0.001; t-value>3.29 → p<0.0001 
3. *p<0.05; **p<0.001; ***p<0.0001 
 The Role of Moderation 
Moderating variables play a significant role in technology acceptance research [30, 31]. The main function 
of moderating variables is to explain the inconsistencies of the relationships between constructs by identifying 
the situational differences [32]. In technology acceptance models, the exploratory power is higher with the 
inclusion of moderating factors [8]. In the UTAUT model, four moderating variables have been identified; 
age, gender, experience and voluntariness. Moderators such as computer literacy has been previously used in 
technology acceptance research in the healthcare domain together with others that are relevant to the 
application domain [9]. 
In our study, focusing on the nature of the participants, we consider six moderating variables; age, gender, 
computer literacy, academic year, level of study (e.g. undergraduate level, master’s level and PhD level) and 
discipline. Age and gender have been established in technology acceptance literature as to have effective 
moderating effects [8, 31]. Although experience is a moderator of most technology acceptance studies [31], 
in our research model, we theorise that the level of study, academic year and discipline to have a similar effect 
to experience. 
Due to the presence of the new constructs in the research model compared to UTAUT, which are previously 
untested, and with the available data set, it is not possible to test specific hypotheses for the moderating 
variables. However, the theorised moderating factors were tested to examine their impact on the relationships 
between the model constructs and also the exploratory power of the model. With the knowledge of gained 
from this study, a future study involving active healthcare professionals can be done to further test the impact 
of the moderating variables with specific hypotheses. 
In order to perform the statistical analysis for each of the moderating variables, separate data sets were 
created for each category of the moderating variables using SPSS Version 21. Table IX summarises the 
distribution of the data set in to each category. Table X summarises the PLS and bootstrapping calculations 
performed on each of the new datasets. 
TABLE IX.  Moderating variable categories 
Moderating variable Category 
Number of 
cases 
Gender Male 64 
Female 270 
Age (years)* 17 - 20 104 
21 - 30 125 
31-60 102 
Computer literacy Excellent 167 
Good 134 
Moderate 33 
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Study Discipline** Medicine 43 
Nursing 85 
Other 196 
Academic Year*** First year 96 
Second year 49 
Third year 52 
Forth year or graduated 36 
Study Level Undergraduate 231 
Postgraduate 103 
Note: * Age had three missing values; *** Study Discipline had 10 missing values; 
** Only the academic year of the undergraduate students was considered 
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TABLE X.  Path coefficients for Moderating variables 
 Gender Age Computer Literacy Discipline Level of Study Academic Year 
  Male Female 17-20 21-30 31 - 60 Excellent Good Moderate Medicine Nursing Other 
Undergrad
uate 
Postgradu
ate 
First Second Third Fourth 
ATT - R2 0.5824 0.6491 0.6051 0.6618 0.5866 0.6585 0.6146 0.5242 0.7441 0.6723 0.6069 0.6577 0.5942 0.6542 0.6702 0.6863 0.7057 
EE - R2 0.4838 0.3919 0.4959 0.3815 0.3918 0.3393 0.3279 0.4199 0.5429 0.4885 0.3619 0.4226 0.3892 0.4363 0.4023 0.4664 0.5154 
ANX - R2 0.0895 0.0846 0.0802 0.0741 0.0469 0.0826 0.045 0.1261 0.2772 0.2424 0.0367 0.0963 0.0802 0.1693 0.2022 0.2375 0.2636 
PE - R2 0.0876 0.1339 0.1245 0.193 0.0658 0.1111 0.07 0.2242 0.1563 0.3172 0.0693 0.1145 0.1298 0.2229 0.2066 0.1296 0.2098 
BI - R2 0.5103 0.4764 0.5902 0.4761 0.467 0.5569 0.3683 0.6605 0.5934 0.5667 0.4663 0.5385 0.4097 0.5199 0.7119 0.4885 0.678 
Path coefficients with significance 
H1: CSE → EE 0.2015* 0.2274*** 0.279*** 0.2147* 0.1725 0.2385** 0.1819 0.1226 0.177 0.1701 0.2364** 0.2747*** 0.0962 0.3012*** 0.3064* 0.2364 0.2029 
H2: CSE /→ BI 0.0863 0.0644 0.2267** 0.0585 -0.0632 0.1368 -0.057 0.0871 0.3775 -0.1826 0.1142 0.0739 0.0809 0.0216 0.2571* 0.1081 0.0611 
H3: ANX → EE -0.6105*** -0.4497*** -0.5166*** -0.4657*** -0.5094*** -0.389*** -0.5115*** -0.5048*** -0.564*** -0.4813*** -0.4755*** -0.4753*** -0.5391*** -0.4859*** -0.401** -0.47** -0.5478 
H4: ANX /→ BI 0.1574 -0.1181 -0.0935* -0.1164 -0.0748 -0.0671 -0.112 0.0175 -0.0575 -0.0653 -0.1152 -0.0936 0.0293 -0.1321 -0.017 -0.1299 -0.1435 
H5: ATT → BI 0.236 0.1712* 0.324 0.0226 0.2254* 0.0653 0.2331 0.1667 0.1422 0.3854* 0.0978 0.2241* 0.061 0.2224 0.4333* 0.1493 0.0552 
H6: PE → ATT 0.6848*** 0.7991*** 0.7471*** 0.8215*** 0.7206*** 0.8053*** 0.7773*** 0.7374*** 0.8516*** 0.8009*** 0.7604*** 0.8056*** 0.7007*** 0.8*** 0.8181*** 0.7646*** 0.8036*** 
H7: PE → BI 0.467*** 0.4684*** 0.3341** 0.5498*** 0.4779*** 0.5823*** 0.3691** 0.4413 0.3505 0.4163** 0.4861*** 0.4251*** 0.5835*** 0.4851*** 0.1201 0.4378 0.6992** 
H8: EE → BI 0.1495 -0.0538 -0.0942 -0.0014 -0.0457 -0.0203 -0.0403 0.0642 0.1209 -0.0488 -0.036 -0.0216 0.0121 -0.0467 0.0247 0.0589 -0.1369 
H9: IG /→ EE -0.16 0.2046** 0.271** 0.1654 0.0687 0.1811* 0.1278 0.0369 -0.1112 0.2793* 0.0962 0.1782* 0.0597 0.2561* 0.1731 0.1753 -0.1373 
H10: IG /→ PE 0.1183 0.3576*** 0.1139 0.4449*** 0.2203 0.3065** 0.2843* 0.3492 0.1804 0.6207*** 0.2186** 0.2846** 0.3643** 0.3552** 0.3352** 0.2268 -0.4494 
H11: IG → ANX -0.209 -0.152* -0.93 -0.187* -0.137 -0.165 -0.018 -0.1 -0.524 -0.320** -0.083 -0.103 0.223 -0.092 -0.165 -0.284 0.452 
H12: IG → ATT -0.045 0.048 -0.148* 0.073 0.118 0.067 -0.03 0.0178 0.05 0.112 0.023 -0.01 0.133 -0.017 0.002 0.015 -0.151 
H13: IG  /→ BI 0.128 0.027 0.0314 0.0044 0.1024 0.0833 -0.1091 0.4331** -0.133 0.0736 0.0244 0.0386 -0.0328 -0.0119 0.2025 -0.1609 -0.0411 
H14: IC /→ EE 0.1229 0.0448 0.1237 0.1014 -0.0186 0.0976 -0.014 0.2717 0.2714* 0.1601 0.0198 0.0874 -0.0288 0.1083 -0.0418 0.0118 -0.065 
H15: IC /→ PE -0.084 -0.0167 -0.1122 0.1095 -0.1299 -0.0439 -0.0158 0.2106 0.1876 0.0073 -0.0895 -0.064 -0.008 0.1146 -0.1395 -0.1779 -0.1353 
H16: IC → ANX -0.052 0.137* 0.187 0.065 0.08 0.044 0.13 0.052 -0.116 0.298** 0.023 0.162** 0.005 0.112 0.024 0.330* 0.239 
H17: IC → ATT -0.09 -0.015 -0.018 -0.023 -0.01 0.014 -0.028 -0.104 0.029 -0.127 -0.078 -0.051 0.034 -0.081 0.007 -0.14 -0.006 
H18: IC /→ BI -0.0191 -0.0272 -0.1129 -0.1159 0.1074 -0.0329 -0.0717 -0.2167 -0.3035 0.1316 -0.0966 -0.1017 0.052 -0.0664 -0.196* 0.0611 -0.1508 
H19: IA /→ EE 0.137 -0.1247** -0.1812 -0.1683 0.0813 -0.1172 -0.1102 0.0024 -0.0575 -0.0243 -0.0924 -0.1379* 0.0833 -0.2749** -0.0519 -0.0826 0.2622 
H20: IA /→ PE 0.2146 0.0191 0.2649 -0.0633 0.0361 0.0512 -0.0368 0.056 0.1068 -0.112 0.0662 0.0913 -0.0058 0.1117 0.1125 0.1812 0.0614 
H21: IA → ANX -0.013 -0.181** -0.158 -0.136 -0.117 -0.17 -0.193 -0.31 0.103 -0.072 -0.141 -0.238** -0.093 -0.375* -0.338 -0.191 -0.052 
H22: IA → ATT 0.195 0.011 0.158 -0.058 0.053 -0.007 -0.061 -0.017 -0.035 -0.038 0.047 0.018 0.164 0.078 0.009 0.132 0.082 
H23: IA /→ BI -0.084 -0.0215 -0.0659 0.1226 -0.0246 -0.0965 0.1249 -0.2704 0.1258 0.0053 0.0177 0.0414 -0.0354 -0.0082 0.0143 0.0538 0.1223 
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5. Discussion 
In this paper, we surveyed a medical and health science student cohort and measured their attitudes towards 
AeH systems to investigate how such a system would be accepted by future healthcare professionals. We 
conceptualised a research model from extant technology acceptance theories that can be empirically tested 
using the results of the survey. To test the research model, we measured 9 constructs, of which 6 were adopted 
from previously accepted technology acceptance models and three were newly introduced to capture the 
characteristics of AeH systems. Twenty four relationships were hypothesised between the constructs and 23 
were tested using the survey data. The final hypothesis was theorised to be significant from previous research.  
The assessment of the measurement model and structured model was done using the partial least square 
(PLS) approach of structural equation modelling (SEM). Construct reliability measurements showed that one 
questionnaire item used to measure the information control construct had unacceptable reliability. This item 
was removed from further analysis. The model exhibited acceptable internal consistency (> 0.7) for each 
construct indicating that the model was both valid and reliable. 
The PLS results revealed that the model was capable of predicting 47.3% of the variance of behavioural 
intention towards acceptance of AeH systems. A PLS analysis with bootstrapping was performed to test the 
23 hypotheses. The analysis of the survey data revealed that seven hypotheses were not supported (H8, H9, 
H10, H12, H16, H17 and H22), i.e. the independent construct either had or did not have any statistically 
significant effect on the dependent construct, thus contradicting the initial hypothesis. By not having a 
significant effect on BI, EE supports previous technology acceptance research in the healthcare domain [10]. 
IG and IA showed significant negative effects on ANX, thus supporting hypotheses H11 and H21 respectively. 
This negative relationship indicates that if a respondent feels that either accountability measures or 
computerised information governance are suitable, their anxiety level about the system would be less and vice 
versa. Although IA and IG negatively affected ANX, they do not have a negative effect on BI since ANX also 
has no significant effect on BI, which was initially hypothesised based on UTAUT [8]. IG had significant 
positive effects on PE and EE. This indicates that if a respondent believes that the presence of a computerised 
knowledgebase that governs information usage is suitable, it would improve their perceived job performance 
and perceived ease of use. 
Our hypotheses H13, H18 and H23 were also supported from the results, which indicate that the presence 
of usage rules on health information use, accountability measures and the fact that patients have control of 
their information do not negatively affect BI. 
Two of the three hypothesised direct effects on BI were found to be statistically significant (H5 and H7) 
with PE (H7) having the highest direct effect. In technology acceptance research generally, ATT does not 
have a significant effect on BI [8]. But in the healthcare domain, ATT has been seen to have a significant 
effect on BI [10], thus supporting our findings. 
The effects of moderating factors on the model constructs were also tested, which is a significant 
contribution of this study. The analysis of the two data sets for gender revealed that there is in fact a 
moderating effect present. It must be mentioned though that the ratio of male to female respondents is 1:4, 
and therefore we expect the influence of the female respondents on the research model to be more significant. 
In the male sample of 64 respondents, only hypotheses H5, H10 and H21 were found to be contradicting to 
the original findings. In the female sample of 270 respondents, hypotheses H16 and H19 were contradictory 
to the original findings. The female sample exhibit more sensitiveness to the newly introduced information 
context constructs but does not have a significant effect on the behavioural intention. Although these results 
are satisfactory, a balanced overall sample can be used to measure to reach a more conclusive decision on the 
moderating effects of gender.  
To analyse the data for the moderator age, the respondents were categorised in to three groups depending 
on their age; 17 to 20 (n = 104), 21 to 30 (n = 125), 31 to 60 (n = 102). The intervals were chosen in such a 
way so that their sample size were over 60 for the PLS analysis. In terms of the original hypotheses results, 
the first age group contradicts the findings for H2, H4, H4, H9, H10, H11 and H21; the second age group 
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contradicts the findings for H5 and H21 and the third group contradicts the results for H1, H11 and H21. The 
results converge to the original findings when age increases. The significance of CSE on EE and BI reduced 
with age where older respondents showing no significance. Whilst younger respondents showed no 
significance of ATT to BI, respondents aged between 31 and 60 showed a significance relationship with ATT 
and BI. We conclude that age has a significant moderating effect on the attitudes of respondents towards AeH 
systems. 
To test the moderating variable computer literacy, the respondents were asked to rate their computer skill 
on a 5-point scale (Excellent, Good, Moderate, Poor and Very Poor). None of the respondents indicated that 
their computer literacy was either poor or very poor. This can be expected from a student population. 
Therefore, those levels were discarded. The subsamples of computer literacy were categorised in to Excellent 
(n = 167), Good (n = 134) and Moderate (n = 33). All three categories supported the original findings relating 
to all hypotheses except for H1, H5, H11 and H21. But the results from the “Moderate” group are not 
conclusive given that the number of respondents was less than the required minimum of 60. We also note that 
because the distribution was severely skewed towards computer literacy levels being high (because the 
majority of the participants can be considered digital natives), the results are not entirely generalisable. But 
there was no significant negative effect on the intention to adopt AeH systems. Given that the range of 
computer literacy was not adequate, a final conclusion cannot be reached regarding the moderating effects of 
computer literacy from the results from the current data set. 
The main disciplines used as the moderators were Medicine (n = 43), Nursing (n = 85) and other health 
science courses (n = 196). The “Other” category consists of respondents from Optometry, Pharmacology, 
Psychiatry, and several other health science disciplines. The moderating effect of these categories was not 
measured individually because of their low individual sample sizes (n < 60). The results revealed that the all 
three groups support the original results relating to all hypotheses except for H1, H5, H7, H9, H10, H11, H16 
and H21. Medical students seem to be less influenced by the information context than nursing students who 
show sensitiveness to IG. But, there is no evidence, in all three categories, indicating negative effects by the 
information context characteristics towards behavioural intension. Note that the number of medical students 
was less than 60, indicating that the respective results are not entirely conclusive. 
To test the moderating variable “level of study”, the data set was divided in to two categories; 
undergraduate level (n = 231) and postgraduate level (n = 103). Postgraduate level respondents include 
Master’s level, PhD level, graduate diploma and graduate certificate level students. Results from the two 
subsamples supported most of the original results relating to the hypotheses. Postgraduate students did not 
exhibit a significant effect on EE from CSE whilst with undergraduate students it was very significant. 
Similarly, ATT had a significant effect on BI with undergraduate students but not with postgraduate students. 
The effect of the information context characteristics (H9 and H15) was higher in undergraduate students than 
with postgraduate students who showed no significant effect on their intention to use the system. Overall, 
there was no significant negative effect on the intention to use the proposed system by either group. But there 
is a clear moderating effect on the model from level of study. 
Testing the moderating effects of academic year of study was the last test performed on the survey data. 
Due to the fact that postgraduate students who responded to the survey may have had prior industry exposure 
of some nature, the academic year of only the Undergraduate level respondents was considered as a 
moderating factor. The subsamples were populated such that 96 first year students, 49 second year students, 
52 third year student and 36 fourth year students were present in each category. Note that three of the 
categories have respondents less than the required sample size of 60 [36]. Therefore, results may not be 
entirely conclusive. The results mostly support the original findings from the entire data set. The effects of 
the information context characteristics although significant in some cases (H9, H10, H18, H19 and H21) with 
first and second year students become insignificant factors with the third and fourth year students. Overall 
there were no negative effects from the information context characteristics towards the intention to use the 
proposed system, supporting the original results. The academic year exhibited a noticeable moderating effect 
on the model. 
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Measuring the effects of the moderating factors allows for a further clarification of the original results by 
identifying the situational differences [32]. In this study, we have seen that the moderating factors indeed 
affect the model paths. Although a considerable effect on R2 by every moderator was observed, its effects are 
said to be modest [32]. As regards to the acceptance of AeH systems, we have established that with the results 
from the moderating factor analysis that there are no negative effects from the introduced information context 
characteristics towards the participants’ intention to adopt the system, which is a favourable outcome for AeH 
systems generally. 
6. Conclusion 
AeH systems are seen as an approach to mitigate privacy concerns extant in eHealth systems whilst not 
compromising the need for information to deliver well informed healthcare for patients. Although 
technologically feasible, their implementation is hindered by the socio-technical aspects such as the 
acceptance of new eHealth technologies. To fill this knowledge gap in relation to AeH systems, we conducted 
a survey study involving future healthcare professionals within the Australian context. Utilising the results of 
the study, an empirically validated research model was presented that can be used for further investigation of 
the significance of technology acceptance constructs on AeH systems.  
The established research model can predict the behaviour of future healthcare professionals in relation to 
the acceptance of AeH systems. However, we point out that the representativeness of the data set is not entirely 
general to all healthcare professionals.  For example, only a limited number of medical students were 
surveyed. We propose a future study involving healthcare professionals with varied levels of experience with 
EHR systems to further validate the findings of this study, thus addressing the apparent limitation of using a 
student cohort in this study. 
The second most significant contribution of this work is the investigation of the roles of moderating 
variables within the developed research model. We found that age, gender, study discipline, study year and 
the level of study had statistically significant moderating effects on the research model. Because the 
moderating variable computer literacy was severely skewed, generalisable conclusions could not be made. 
We believe that further studies are required to test the extent to which each moderating factor effect the model.  
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